In this study, we examine the price process of eBay online auctions. We pool sparse and unevenly spaced bidding histories of individual auctions, resulting in an unbalanced panel of bids. Since the price processes of online auctions are monotonically increasing within individual auctions and exhibit a substantial degree of heterogeneity, we propose a monotone series estimator for panel data with auctionspecific slopes for a common relative price growth curve. We generalize Ramsay's (1998, J R Stat Soc B 60(2):365-375) monotone series estimator to fit our panel model of the price process. We apply the proposed model and estimator to eBay auctions of a popular hand-held device (a Palm PDA). The results are shown to capture closely the overall pattern of observed price dynamics. In particular, the early bidding, mid-auction bidding drought, and end-auction bid sniping are well approximated by the estimated price curve.
Introduction
The increasing popularity of online auctions has created much public interest, both commercially and academically, on this new form of e-commerce. One of the main drivers of this interest is the online auction site eBay. Established in 1995, eBay has since grown rapidly and evolved into one of the world's largest online market places, where anyone can sell practically anything at any time. With a presence in 39 markets, including the U.S., and approximately 84 million active users worldwide, eBay has changed the face of internet commerce. In 2007, the total value of sold items on eBay's trading platforms was nearly $60 billion. The benefit to consumers is clear: eBay provides an open trading platform where the market determines the value of items that are sold. Over the years, the site has become a cultural barometer of sorts, providing a view into what objects consumers want most at any time. At the same time, since eBay archives detailed auction information and makes it publicly available, it provides a unique opportunity for researchers to investigate the economics of auctions and agents' behavior in this market environment.
Online auctions differ from their offline counterparts in their duration, anonymity of participants, low barrier of entry, global reach and around-the-clock availability. Therefore, online auctions have become a serious competitor to offline auctions. Moreover, they also create new phenomena that depart from and cannot be explained by classical auction theory. According to classical auction theory, the final price of an auction is determined by a priori information about the number of bidders, their valuation, and the auction format (Milgrom and Weber 1982; Krishna 2002) . 1 Investigation of conventional auctions is often constrained by the limited amount of auction information and non-availability of data. In contrast, online auctions provide rich and detailed information that is publicly available. Consequently, there is a rapidly growing literature on online auctions. For research in economics, marketing, and information system, see among others, Lucking-Reiley et al. (2000) , Ockenfels and Roth (2002) , Roth and Ockenfels (2002) , Ba and Pavlou (2002) , Bajari and Hortacsu (2003 , 2004 ), and Bapna et al. (2004 . A second strand of the literature is contributed by the statisticians, who mainly use the method of functional data analysis to analyze online auction data. See, for example, Shmueli and Jank (2005), Jank and Shmueli (2006), Shmueli et al. (2006 ), Wang et al. (2008 , and references therein. This line of research considers the bidding histories of auctions functional data, and thus uses the functional data analysis approach to extract common features of the data on identical or similar auctions. One of the key findings of this literature is that what happens during the auction also matters in online auctions. The dynamics of the bidding process, especially the evolution of the bid arrival process and bidding process, is shown to influence the final price of auctions.
In this study, we focus on the econometric modeling of the price process of online auctions. The price dynamics of online auctions has important implications. For example, knowledge of what drives price dynamics can help the seller in designing better auctions and can help the auctioneer make adjustments that changes the auction
